Background: Condition-specific measures are frequently used to assess the health-related quality of life of people with multiple sclerosis (MS). Such measures are unsuitable for use in economic evaluations that require estimates of cost per quality-adjusted lifeyear because they are not based on preferences. Objectives: To report the estimation of a preference-based single index for an eightdimensional instrument for MS, the Multiple Sclerosis Impact Scale -Eight Dimensions (MSIS-8D), derived from an MS-specific measure of health-related quality of life, the 29-item Multiple Sclerosis Impact Scale (MSIS-29). Methods: We elicited preferences for a sample of MSIS-8D states (n ¼ 169) from a sample (n ¼ 1702) of the UK general population. Preferences were elicited using the time trade-off technique via an Internet-based survey. We fitted regression models to these data to estimate values for all health states described by the MSIS-8D. Estimated values were assessed against MSIS-29 scores and values derived from generic preference-based measures in a large, representative sample of people with MS. Results: Participants reported that the time trade-off questions were easy to understand. Observed health state values ranged from 0.08 to 0.89. The bestperforming model was a main effects, random effects model (mean absolute error ¼ 0.04). Validation analyses support the performance of the MSIS-8D index: it correlated more strongly than did generic measures with MSIS-29 scores, and it discriminated effectively between subgroups of people with MS. Conclusions: The MSIS-8D enables health state values to be estimated from the MSIS-29, adding to the methods available to assess health outcomes and to estimate qualityadjusted life-years for MS for use in health technology assessment and decision-making contexts.
Introduction
The cost-effectiveness of health care interventions is often assessed using cost-utility analysis, in which health outcomes are measured using quality-adjusted life-years (QALYs). The QALY incorporates the effects of treatment on longevity and quality of life by weighting each life-year according to its quality, on a scale from 1 (full health) to 0 (equivalent to being dead). A common method of obtaining QALY weights is to use an existing preference-based measure (PBM) of health-related quality of life (HRQoL), which provides a tariff of QALY weights for a large number of health states. The most frequently used PBMs are generic; that is, they are considered applicable for all health conditions [1] . These include the EuroQol five-dimensional questionnaire (EQ-5D) [2] , the six-dimensional health state short form (derived from short form 36 health survey) (SF-6D) [3] , or the Health Utilities Index (HUI) [4] . The appropriateness of these measures has been questioned for some health conditions, including multiple sclerosis (MS) [5] .
MS is a progressive neurological condition that affects the central nervous system, causing a wide range of symptoms, which vary between individuals and within the same individual over time [6] . The disease may initially follow a relapsingremitting pattern, eventually becoming progressive, or may be progressive from onset. Levels of disability increase as the disease progresses [7] . The empirical evidence on the suitability of generic PBMs (GPBMs) for use in MS is equivocal. A number of studies have raised concerns about the content validity [6, [8] [9] [10] or the sensitivity [6, [11] [12] [13] of GPBMs in the context of MS. A recent systematic review [5] reports an assessment of the psychometric properties of six GPBMs (EQ-5D, HUI2, HUI3, SF-6D, the Assessment of Quality of Life instrument, and the Quality of Well Being Scale) when applied to MS, finding that each measure has particular strengths and weaknesses. The HUI3 performed best in terms of its psychometric properties, but it is regarded as a measure of impairment rather than HRQoL. The content validity of the EQ-5D and the SF-6D was considered to be compromised because of the omission of domains of HRQoL that are important in MS, specifically fatigue (EQ-5D), mobility (SF-6D), and cognition (both measures). The discriminative validity of the EQ-5D and the SF-6D was assessed as limited across the full range of condition severity for MS, and both measures exhibited floor and ceiling effects. Assessment of the other instruments was limited because of a lack of data. The review concludes that the development of an MS-specific PBM is a possible area for future research. Such a PBM could be used in the absence of GPBM data, or as a supplement to GPBM data to provide more detailed information about the effect of treatments on the HRQoL of people with MS.
A range of condition-specific instruments are available to measure the health status of people with MS, and they are regarded as more appropriate than generic measures for MS because of their focus on the most relevant aspects of HRQoL [11] . Such measures are not preference-based and do not provide the quality weights required for the calculation of QALYs. They can, however, be used as the basis of a condition-specific preference-based measure (CSPBM), and this has become a common approach over recent years, across a range of conditions [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] .
There are two stages in constructing a CSPBM: developing a classification system to provide standardized descriptions of health states and generating a preference-based single index of health state utility values (HSUVs) (QALY weights) for all health states described by the classification system [1] . We derived a classification system named the Multiple Sclerosis Impact ScaleEight Dimensions (MSIS-8D) [26] from the 29-item Multiple Sclerosis Impact Scale (MSIS-29) [27, 28] . Here, we report the estimation of a preference-based index for the MSIS-8D. This involved a valuation survey to elicit preferences for a sample of MSIS-8D health states from a representative sample of the UK general population, regression modeling to predict values for all MSIS-8D health states, and validation of the resulting algorithm in a large, representative data set of people with MS.
The MSIS-8D Classification System
The MSIS-29 is a validated and frequently used patient-reported measure of HRQoL in MS. It consists of a physical subscale of 20 items and a psychological subscale of 9 items, each with four response levels [28] . This range of items and levels would place an unreasonable cognitive demand on respondents to the preference elicitation exercise required to estimate HSUVs. Therefore, best practice methods were adopted to reduce the size of the instrument while minimizing the loss of descriptive information [1] . This involved mapping the items of the MSIS-29 to important dimensions of HRQoL in MS, and undertaking Rasch and psychometric analyses to select one item to represent each dimension, using data from the South West Impact of Multiple Sclerosis (SWIMS) longitudinal cohort study of people with MS [29] . The resulting classification system, the MSIS-8D, is presented in Table 1 . It comprises four items from the physical subscale of the MSIS-29, which describe physical and social effects of MS, and four items from the psychological subscale, which describe emotional and other nonphysical effects, using the original wording from the MSIS-29. The development of the MSIS-8D has been reported elsewhere [26] .
Methods

Valuation
Here, we discuss our approach to some key aspects of valuation survey design, including which health states to value, how to elicit preferences, and whose values to elicit [30] .
Health states
It is not possible to value all 65,536 MSIS-8D health states directly; therefore, a sample was selected for the survey. Health state samples are frequently selected using statistically efficient designs. For classification systems constructed from unidimensional scales, the increased likelihood of preference interactions between attributes may result in the inclusion of implausible health states [1] , causing confusion for respondents and increasing measurement error [31] . This can be addressed by basing the selection of health states on the combination of item levels that is most likely to occur at each level of condition severity. This method, known as the Rasch vignette approach, is undertaken by examining the Rasch threshold map [24] . The threshold between adjacent item-response levels is defined as the point on the Rasch logit scale at which either response is equally probable. Figure 1 shows the threshold map for the physical subscale of the MSIS-8D, generated from the data set used to develop the MSIS-8D classification system. The x-axis shows the Rasch logit scale, which represents increasing condition severity from left to right. The threshold map shows the response level of each item 
most likely to be reported by respondents at any point on the logit scale. For example, the most likely combination of item levels for a respondent at logit 0 is level 2 on "physically demanding tasks," level 1 on "social and leisure limitations," level 1 on "stuck at home," and level 1 on "time spent on daily activities." This approach was modified for the MSIS-8D, which consists of two unidimensional subscales. Combining each of the 13 sets of item levels that appeared in the threshold map for the physical subscale with all 13 sets from the threshold map for the psychological subscale (13 Â 13 sets) produced a sample of 169 health states, which included the pits state and the best health state described by the MSIS-8D. On the basis of input from people with MS, 12 health states that they considered implausible were removed from the sample (details available in Appendix 1 in Supplemental Material found at http://dx.doi.org/10.1016/j.jval. 2015.10.004). A further 12 states were added, as suggested by Bagust [32] , to inform future analysis of the impact of changes in individual dimensions. These were all health states that differed by one level from the pits state (e.g., 34444444) or by one level from the best state (e.g., 21111111) and that did not appear in the original sample of states. This provides additional information on the impact of moving between health states that differ only by one level on one dimension. The final sample of 169 health states is presented in Table 2 .
On the basis of the time taken to complete health state valuations during the prepilot testing, each respondent valued six health states. Consistent with the approach taken in previous studies [2, 17, 18, 20, 21, 33, 34] , all respondents valued the pits state. The remaining 168 states were assigned to five severity groups on the basis of their total item-level scores. One health state was selected at random without replacement from each severity group to construct balanced sets of five health states. The survey design comprised 34 sets of health states that were randomly allocated to respondents [30] .
Preference elicitation
The Measurement and Valuation of Health variant of the time trade-off (TTO) technique was used in accordance with the methods used to obtain the UK index for the three-level EQ-5D and the reference case recommended by the UK's National Institute of Health and Care Excellence [35, 36] . Respondents are asked to indicate whether they consider the target health state to be better or worse than being dead by expressing a preference between 10 years in the target state and immediate death. For states considered better than dead, respondents choose between Life B, in which they would spend 10 years in the target state followed by death, and Life A, in which they would spend a shorter period of time (x) in full health followed by death. Time x is varied until the respondent is indifferent between the scenarios (the indifference point), revealing the length of time (x) in full health that the respondent considers equivalent to 10 years in the target state. The value for the target state is calculated as x/ 10. For states considered worse than dead, respondents choose between (A) immediate death and (B) spending (10 -x) years in the target state followed by x years in full health, after which they would die. The value of x is varied until the indifference point is reached. The value of the target state is calculated as -x/(10 -x) [37] .
An Internet-based survey was used to elicit preferences. Its structure and content followed the Measurement and Valuation of Health protocol [37] , with some minor changes to the wording of the original script to reflect the fact that the survey was being completed online rather than face-to-face. Ethics approval was obtained from the University of Exeter Medical School Research Ethics Committee in June 2013. Online surveys have clear benefits in terms of cost and the time taken to collect data, eliminating interviewer variation and transcription errors, and allowing survey tools to be programmed to reduce the potential for inconsistent responses [38] . The TTO technique, however, is not commonly administered online and the complex nature of TTO tasks may pose cognitive challenges for respondents in the absence of an interviewer who can provide clarification [39] . It has been argued that the advantages of online TTO surveys may outweigh their disadvantages if they provide access to a geographically and demographically representative sample of the target population, where this would otherwise not be possible, as was the case for this study [40] . To ensure an acceptable level of respondent burden, and to address any technical issues, the draft survey was tested using think-aloud interviews with a convenience sample (n ¼ 6), then amended and piloted online with 68 respondents. Empirical evidence suggests that naming the condition can affect reported HSUVs [1] ; therefore, respondents to the main and pilot surveys were not informed that the health states were caused by MS. This necessitated a change in the wording of one MSIS-8D item: "How much has your MS limited your ability to do physically demanding tasks?" The phrase "your MS" was replaced by "your health." Programming and hosting were provided by Accent Marketing & Research Ltd.
The survey commenced with an introduction, demographic and health-related questions, and three warm-up exercises: completing the MSIS-8D questions themselves, ranking MSIS-8D health states in order of preference, and undertaking a practice TTO task. All respondents saw the same practice health state (see Appendix 3 in Supplemental Material found at http://dx.doi.org/ 10.1016/j.jval.2015.10.004). Respondents who did not prefer 10 years in full health to 10 years in the practice health state, or to being dead, were screened out of the survey. Respondents then provided preferences for six health states. The survey concluded by asking respondents to rate how well they understood the TTO task and how easy or difficult they found it. To enhance the quality of responses to online TTO questions, Norman et al. [41] recommend excluding respondents engaging in strategic behavior, such as completing the survey in less time than would be required to give the TTO choices due consideration. In the 
absence of any guidance on what may constitute an appropriate time limit, a judgment was made to exclude respondents who spent less than 3 minutes completing the TTO questions for the six health states from the survey results.
Further exclusion criteria were defined a priori, on the basis of similar previous studies [18] [19] [20] [21] [22] [23] [24] 31, 42, 43] , to exclude data in those cases in which participants 1) valued the pits state at least as highly as all other states, 2) gave the same value to all health states (except those valuing all states as equivalent to full health), 3) gave all states a value less than or equal to 0, 4) gave the least severe state a lower value than they did for all other states, and 5) provided three or more inconsistent responses with a difference of at least 0.1 in HSUV; that is, they valued a dominated health state as better than a logically better alternative by the equivalent of at least 1 year in the TTO exercise.
Whose values
Health state values are typically sought from patients or the general public. This is an important choice as patients' values have been found to differ significantly from public values. In jurisdictions in which health care is funded via general taxation, public preferences are generally preferred, as reflected in the guidance provided by decision-making bodies such as the National Institute of Health and Care Excellence [36] . A representative sample of the UK general population was sourced from an existing Internet panel, using quotas for age, sex, and socioeconomic group. The panel was provided by Survey Sampling International, whose selection procedures meet industry quality assurance standards and incorporate a range of sources to enhance responsiveness and reduce selection bias. Information about the sample is provided in Appendix 2 in Supplemental Material found at http://dx.doi.org/10.1016/j.jval.2015.10.004.
Modeling to Obtain Health State Values
To estimate HSUVs for all health states described by the classification system, the values elicited from the survey were modeled using multivariate regression. The standard form of the model is [1] as follows:
Where h ij represents the TTO value; i ¼ 1, 2, n represents individual health states; j ¼ 1, 2, m represents individual respondents; f represents the functional form; X represents a vector of dummy explanatory variables for each level λ of dimension ∂ of the classification system, where level λ ¼ 1 acts as a baseline; and ε ij represents the error term. We estimated individual-level and mean-level ordinary least squares (OLS), fixed effects or random effects (RE) models to account for the clustering of data by respondent and RE Tobit models to allow for the censoring of HSUV data between -0.975 and 1 [29] . Several versions of these models were explored. First, the possibility of interactions between dimensions was investigated by creating a dummy variable, N4, to take a value of 1 if any dimension is at its most severe level and 0 otherwise [2, 3, 14, 15, 17] . Second, inconsistent coefficients, where a less severe item level resulted in a greater HRQoL decrement than did a more severe item level, were merged and the analysis was rerun to produce a consistent model. Finally, where one or more coefficients were nonsignificant at the 95% level, options for merging the affected item levels were tested [23] .
The standard practice of regressing dummy variables for dimension levels onto observed HSUVs makes it difficult to allow for multiple interaction effects between dimensions. This would require complex regression models, with several interaction terms, and a larger number of health states would need to be included in the valuation survey [16] . We explored an approach devised to address this by providing a single independent Note. The list of health states is ordered according to the total sum of dimension levels (e.g., health state 11111111 has a sum of 8; health state 22222222 has a sum of 16).
variable that corresponds to a particular set of dimension levels [24] . This uses the mean Rasch logit value for each health state (calculated by analyzing the SWIMS data set that was used to derive the MSIS-8D classification system [29] ) as the independent variable in the regression analysis. We report model performance in terms of the proportion of inconsistent coefficients, the proportion of significant coefficients, R 2 and adjusted R 2 statistics, and root mean squared error [1] . Predictive ability was assessed using the mean absolute error of predicted HSUVs and the number of health states with absolute errors greater than 5% and 10% (equivalent to 6 months and 1 year in the TTO exercise, respectively). Selection of the preferred model to generate the MSIS-8D index was based on the proportion of significant coefficients and predictive ability.
Validation
We investigated the extent of information lost in moving from the MSIS-29 to the MSIS-8D, compared the sensitivity and responsiveness of the MSIS-8D with two GPBMs (EQ-5D and SF-6D), and assessed the likely impact of using the MSIS-8D rather than a generic alternative on the results of cost-effectiveness analyses [1] . Convergent and discriminative validity were assessed using an extract from SWIMS [29, 44] . The SWIMS project is a longitudinal cohort study of people 18 years or older, with a clinical diagnosis of MS or clinically isolated syndrome, living in Devon and Cornwall. Participants are requested to complete questionnaire packs on a 6-month basis, alternating between two versions. The packs include various health status and HRQoL measures, alongside questions on MS type, relapses and symptoms, medication, and use of health and social care services. The study consistently achieves high return rates (c90%) and retention rates (8% of the participants were lost to follow-up in the first 4 years) [29] . SWIMS data have been found to be comparable to other UK-based samples of people with MS in terms of demographic characteristics such as age and sex [45] [46] [47] [48] and in terms of clinical characteristics such as relapse rates [49] and duration of illness [50] . The extract included data on the MSIS-29 (version 2), the SF-36 (version 2), and the EQ-5D from 1403 respondents, collected up to October 4, 2012. Observations per respondent ranged from 1 to 19, with 11,196 data points overall. Adjustments were made for autocorrelated data using panel data methods in Stata 12. Convergent validity between instruments was assessed using Pearson correlation coefficients [1] . Correlations can be assessed as weak (o0.3), moderate (0.3-0.6), or strong (40.6) [51] .
Discriminative validity was used as a measure of sensitivity. This was assessed in terms of the ability to distinguish between known subgroups of SWIMS respondents on the basis of their self-reported HRQoL (MSIS-29 subscale scores), type of MS, and whether or not they had experienced a relapse in the preceding 6 months, using one-way analyses of variance or independent t tests, standardized effect sizes (the difference in mean scores between two adjacent groups divided by the SD of scores for the milder of the two groups), and absolute mean values [1] . Effect sizes can be assessed as small (0.20-0.49), moderate (0.50-0.79), or large (Z0.80) [52] . In this context, a higher effect size indicates greater ability to distinguish between groups [1] .
Although the SWIMS data are longitudinal, there was no specific event that would be expected to result in a change in HRQOL. As a result, responsiveness could not be assessed directly. The ability of a measure to distinguish differences between groups and to capture a wide range of health states can provide an indication of its potential responsiveness [1] . Therefore, discriminative validity, floor effects, and ceiling effects were used as proxy measures of responsiveness.
Results
Valuation Survey
Data were obtained from 1702 respondents, representing 42.6% of those who entered the survey Web site. Of these, 126 (7.4%) were excluded from the analysis, mostly for valuing the pits state at least as highly as all other states (n ¼ 106). Appendix 1 in Supplemental Material provides the number of dropouts and exclusions at each stage. Appendix 2 in Supplemental Material presents the demographic characteristics of the final sample (n ¼ 1576) compared with the UK general population and respondents' views of task comprehension and difficulty. Our sample had slightly lower proportions of people who were older than 75 years, were in employment, or had no qualifications. More than 90% reported that they found the questions "very easy" or "easy" to understand, around half said they found it easy or very easy to choose between the options presented, and less than 5% found this "very difficult."
Descriptive statistics for all directly valued health states are presented in Table 2 . Mean values ranged from 0.08 for the pits state to 0.89 for the best state. The median number of observations per state was 47. The 9456 individual observations that comprise the full valid data set are illustrated in Appendix Figure 2 in Supplemental Material found at http://dx.doi.org/10. 1016/j.jval.2015.10.004, which shows the left skew and clustering at 0 and 1 that are characteristic of TTO data [30] . Nearly onequarter of the observations (22.9%) were values of 0.9 or above. These features were exacerbated because of the large proportion of mild and severe states in the sample. Table 3 summarizes the consistent individual and mean-level OLS models; the original RE, main effects Tobit, and N4 Tobit models; and the best-performing RE and Tobit models with merged levels, on the basis of the proportion of significant coefficients and predictive ability. Results for all other models are available from the authors on request.
Modeling Health State Values
Only around one-third of the coefficients for the OLS models were significant at the 95% level. Given that levels had already been merged to address inconsistencies, no further merging was explored for these models. The results of the Hausman test (χ 2 value 17.50; 24 df; P ¼ 0.8264) informed the selection of a random rather than a fixed effects model [53] . The RE and Tobit models produced relatively low proportions of significant coefficients; therefore, various options for merging affected item levels were explored (versions 2 and 3 presented in Table 3 ). The interaction term (N4) was significant only when added to the Tobit model.
OLS regression models were also generated using mean Rasch logit values for the physical component and the psychological component of each health state, comprising all possible combinations of linear, quadratic, and cubic terms for the two logit values [16] .
Selection of the Preferred Model
The models based on Rasch logit values did not perform well, compared with those based on the dimension levels of health states ( Table 3) . The Rasch models (presented in Appendix 2 in Supplemental Material) had the worst predictive ability, with substantially higher mean absolute errors (0.051-0.059) and proportions of health states with errors of more than 0.05 (43.8%-47.9%). R 2 and adjusted R 2 values for these models were low (o0.3) and root mean squared errors were high (40.39) . Overall, the RE models with merged levels performed best, with higher proportions of significant coefficients than the OLS models and the original RE model, and lower mean absolute errors and number of errors than the Tobit models. RE version 2 generated slightly fewer errors (40.1), whereas RE version 3 had a slightly lower mean absolute error and preserved a higher degree of discrimination by retaining all four response levels within the Depression dimension. On this basis, RE version 3 is the recommended model for the estimation of a preference-based single index for the MSIS-8D.
This model enables an HSUV to be calculated for any MSIS-8D health state, by summing the constant and the coefficient for each item depending on its level. For example, the predicted value for the practice MSIS-8D health state (3,2,3,3,3,2,3,1 
The tariff ranges from 0.89 for the best MSIS-8D health state to 0.08 for the pits state, which is consistent with the range of observed HSUVs.
Validation
Assessing the loss of information from the MSIS-29 to the MSIS-8D
As reported in Table 4 , relationships between the MSIS-8D and the MSIS-29 subscales were very strong. There was very little difference on floor and ceiling effects between the two measures. Table 5 presents data describing the discriminative ability of the MSIS-8D and the MSIS-29 subscales. Analysis of variance F-test and t-test statistics provided very strong evidence that both measures were capable of discriminating between known subgroups of people with MS (P o 0.001). Empirical data indicate that people with MS report lower HSUVs when experiencing a relapse [10] and that primary progressive MS has a greater impact on HRQoL than does secondary progressive MS, which, in turn, impacts more than does relapsing-remitting MS [11] . HSUVs generated by both the MSIS-8D and the MSIS-29 subscale scores reflected these expected differences. The differences in effect sizes between the measures showed no overall pattern. Although the effect sizes for the MSIS-8D between those with and without a relapse in the previous 6 months and between those with primary progressive MS (PPMS) and secondary progressive MS were small (o0.49), this was also true of the physical MSIS-29 subscale for the former and of both subscales for the latter. The moderate ability of the MSIS-8D to distinguish between people with relapsing-remitting MS and PPMS compares to a small effect size for the psychological subscale and a large effect size (40.8) for the physical subscale. The MSIS-8D was equally able to distinguish between benign and relapsing-remitting MS as the physical subscale, and better able than the psychological subscale of the MSIS-29.
Comparison between the MSIS-8D and GPBMs
As Table 4 illustrates, the GPBMs correlated less strongly than the MSIS-8D did with the MSIS-29 subscales. The correlation between the MSIS-8D and the MSIS-29 subscales was stronger than the correlation between the MSIS-8D and the GPBMs.
The analysis of variance F-test and t-test statistics reported in Table 5 indicated that all measures were capable of discriminating between subgroups (P o 0.001). In terms of effect sizes, the MSIS-8D performed at least as well as the GPBMs. When the grouped MSIS-29 subscale scores were used to define condition severity, the MSIS-8D consistently outperformed the EQ-5D and the SF-6D in terms of effect sizes. All three PBMs had similar, small effect sizes (o0.49) for the grouping based on whether respondents had experienced a relapse in the preceding 6 months. The MSIS-8D discriminated more effectively between benign and relapsing-remitting MS than did the GPBMs, and all three PBMs had similar effect sizes when distinguishing between relapsing-remitting MS and PPMS (moderate) and between PPMS and secondary progressive MS (small).
The GPBMs, however, tended to produce larger differences in mean HSUVs between subgroups than did the MSIS-8D. Compared with the EQ-5D, mean MSIS-8D values were lower for subgroups expected to experience good HRQoL and higher for those with poor HRQoL. When compared with the SF-6D, MSIS-8D values were higher among subgroups with good HRQoL and lower for those with poor HRQoL. As Table 4 shows, the MSIS-8D had the highest floor effect, although this was very small. Around 5% of the respondents reported the highest MSIS-8D value, compared with 9% on the EQ-5D and less than 1% on the SF-6D.
Discussion
We have estimated a preference-based single index for the MSIS-8D classification system for use as a CSPBM of health outcomes in MS. The MSIS-8D enables HSUVs to be estimated from patientlevel MSIS-29 data. These HSUVs can be used across the full range of condition severity in MS to assess HRQoL and to estimate QALYs. The MSIS-29 is a well-validated and frequently used patient-reported outcome measure for MS, developed with qualitative input from people with MS [27] . Deriving the classification system from the MSIS-29 presents potential advantages for this CSPBM over generic alternatives.
Although concerns have been raised regarding comparability between GPBMs and CSPBMs, these are arguably of less relevance when the condition of interest is the primary determinant of HRQoL, as is likely with severe conditions such as MS, and for classification systems with a broad range of dimensions, as is the case with the MSIS-8D [1, 54] . To aid comparability and policy relevance, the valuation framework used here is consistent with the methods recommended in a UK health policy setting [36] . To further address concerns on comparability with GPBMs and to enhance the policy relevance of the CSPBM, health states for the MSIS-8D were not labeled as being for MS.
The Measurement and Valuation of Health protocol was successfully administered using a Web-based survey. The survey sample was broadly representative of the UK population in terms of demographic characteristics, although Stein et al. [38] have pointed out that members of online panels may differ from the general public in less tangible ways. Concerns have also been raised about the ability of respondents to comprehend complex tasks such as the TTO in the absence of an interviewer [39] . Recent evaluations of online TTO using the EQ-5D have produced mixed results. Some studies have found that Internet administration produced different response patterns, increased variation in HSUVs, clustering of responses (at -1, 0, and 1), and hence reduced data quality than did the traditional interview-based approach [41, 55] . Conversely, Mulhern et al. [56] found no difference between valuation results obtained online or face-to-face. Although acknowledging its potential disadvantages, Bansback et al. [40] argue that online administration may be preferred in those cases in which the resources available for the study would restrict the ability of interviewers to access a geographically and demographically representative sample of the target population. The results reported here relating to self-reported task comprehension, and the nature of the preference data, suggest that the complexity of the TTO technique need not prohibit Internet administration, provided that instructions, warm-up tasks, and testing procedures are adequate. The quality of the Internet panel is an important factor in ensuring representativeness.
Results show that respondents did not consider the best MSIS-8D health state to be equivalent to perfect health. This is a common finding in studies of this type [14] [15] [16] [17] [18] [19] [20] 23, 24, 42, 43] , and is assumed to arise because of respondents taking other factors into account, in addition to the information provided by the classification system [1] . To our knowledge, however, no research has been reported to date that explores this. In the present study, we suggest that one explanation could be the wording of the MSIS-8D items: it is possible that respondents interpreted the phrase "not at all bothered by" to mean that some impairment in health was present, but not sufficient to "bother" them. Further qualitative research is needed to understand this phenomenon. Descriptive statistics on the values for the best MSIS-8D health state (n ¼ 50) show variation in values, with 66% of the respondents valuing the state as equivalent or close to full health (between 0.95 and 1.00).
Rasch methods were used to derive the MSIS-8D classification system and to select health states for valuation. Two previous studies [16, 24] have reported modeling HSUVs using Rasch logit values, which were derived from the data set used to develop the CSPBM classification system. When we applied this approach to the MSIS-8D, we found that it was able to predict HSUVs only for health states that appeared in this data set. Mavranezouli et al. [16] allocated HSUVs to the remaining health states by grouping states according to their total item-level scores and applying the same value to all health states within the same group. This was based on the assumption that "health states with the same total (ordinal) score correspond to the same Rasch logit value" 16(p389) ; however, this assumption did not hold in the MSIS-8D data set. Given this issue, plus their relatively poor performance, we do not recommend using Rasch-based models to predict HSUVs for the MSIS-8D. There remain some unresolved issues in using this promising new approach, which provide an important area for future research.
The validation results provide promising support for the use of the MSIS-8D as a CSPBM. Empirical evidence supports the sensitivity [27, [57] [58] [59] and responsiveness [59] [60] [61] [62] [63] [64] [65] of the MSIS-29.
Comparisons between the MSIS-8D and its parent measure provide no indication that moving from the MSIS-29 to the MSIS-8D resulted in a sufficient loss of information to compromise sensitivity or responsiveness.
The MSIS-8D correlated more strongly than the GPBMs with MSIS-29 scores, indicating that it may better reflect HRQoL in MS. In most cases, the MSIS-8D was better able to discriminate than the EQ-5D or the SF-6D between groups, when this was assessed using effect sizes. Brazier et al. [1] assert that larger effect sizes could reduce uncertainty in the results of economic evaluations, with positive implications for precision estimates and probabilistic sensitivity analyses, and suggest that the instrument may require a smaller sample size to detect significant differences. Conversely, GPBMs identified larger differences in mean HSUVs than did the MSIS-8D. This may support the argument that GPBMs have more capacity to capture differences in HRQoL caused by comorbidities or adverse effects. The difference in the range of scores covered by these measures, however, makes the interpretation of direct comparisons between mean values problematic. A further finding from the results relating to absolute mean values was the greater discriminatory ability of the MSIS-8D compared with that of the EQ-5D at higher levels of HRQoL, and its greater discriminatory ability than that of the SF-6D at lower levels of HRQoL. This suggests that the MSIS-8D may be more sensitive to differences across the full range of HRQoL than is either of these frequently used PBMs. The expected impact of this is that the MSIS-8D will generate higher HSUVs for people whose HRQoL is severely compromised and lower values for those with better HRQoL than would the EQ-5D, and vice versa compared with the SF-6D.
The validation analysis was limited due to its reliance on a single data set, which did not allow direct assessment of responsiveness. Further validation, using other data sets, would be beneficial. The data on comparisons with the MSIS-29 and the GPBMs, however, provide a basis for supporting the use of the MSIS-8D in the assessment of HRQoL in MS. In the first instance, we suggest using the MSIS-8D alongside GPBMs to further compare performance. Where studies have not collected GPBM data, however, we suggest that the MSIS-8D can provide a useful source of HSUVs if MSIS-29 data are available.
The MSIS-8D is a CSPBM that captures aspects of HRQoL considered important by people with MS and is capable of informing the assessment of health outcomes in MS. As with all new measures, the MSIS-8D will benefit from further validation; however, the evidence thus far suggests that it may offer increased relevance and sensitivity over GPBMs.
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